Cell migration is essential to many life processes, including immune response, tissue repair, and cancer progression. A reliable quantitative characterization of the cell migration can therefore aid in the high throughput screening of drug efficacy in wound healing and cancer treatments. In this work, we report what we believe is the first use of SiR-Hoechst for extended live tracking and automated analysis of cell migration and wound healing. We showed through rigorous statistical comparisons that this far-red label does not affect migratory behavior. We observed excellent automated tracking of random cell migration, in which the motility parameters (speed, displacement, path length, directionality ratio, persistence time, and direction autocorrelation) obtained closely match those obtained from manual tracking. We also present an analysis framework to characterize the healing of a scratch wound from the perspective of single cells. The use of SiR-Hoechst is advantageous for the crowded environments in wound healing assays because as long as cell nuclei do not overlap, continuous tracking can be maintained even if there is cell-cell contact. In this paper, we report wound recovery based on the number of cells migrating into the wound over time, normalized by the initial cell count prior to the infliction of the wound. This normalized cell count approach is impervious to operator bias during the arbitration of wound edges and is also robust against variability that arises due to differences in the cell density of different samples. Additional wound healing characteristics were also defined based on the evolution of cell speed and directionality during healing. Not unexpected, the wound healing cells exhibited much higher tendency to maintain the same migratory direction in comparison to the randomly migrating cells. The use of SiR-Hoechst thus greatly simplified the automation of single cell and whole population analysis with high spatial and temporal resolution over extended periods of time.
Introduction
Recent advancements in high-content imaging and data analytics have enabled the rapid evaluation of how large compound libraries affect cells, with the ultimate goal aimed toward accelerating drug discovery [1] . As data analytic capabilities improve, one natural extension is to incorporate multiple parameters (e.g. cell proliferation, migratory speed, directionality, and metabolics) in the evaluation of drug efficacy, particularly in the context of physiologically relevant, cell based assays [2] . While these physiological assays often are complex to analyze, they offer more details toward the working principles and performance of drug actions [3] [4] [5] [6] [7] . Cell migration is one of the top physiological assays for drug discovery because it is an essential part of many physiological processes, including immune response, wound healing, and cancer progression.
One of the most popular cell migration assays is the scratch wound assay, which is inexpensive, simple to implement, and can be run with several samples in parallel. Typically, cells are seeded into a multi-well plate and allowed to proliferate to confluent monolayers. A portion of the confluent monolayer is then scratched off, typically with a pipette tip, to create an artificial wound [8] [9] [10] . The rate of wound healing can be determined by the reduction of the wound size over time. In most studies, the wound size is reported based on area or by the distance spanning between the opposing wound edges [11] [12] [13] [14] [15] . An alternative approach is to monitor the re-emergence of cells in the wound space over time. The accounting of individual cells, while more labor intensive, offers a more comprehensive perspective of wound healing since fundamentally, wound healing culminates through the combined efforts of single cells.
The importance of single cell based analysis is highlighted by a recent work of Ascione et al., which showed that the report of wound healing by area tend to exhibit high variability even amongst the same sample types, and that this variability can be significantly reduced by normalizing the wound area with the initial cell density [13] . This finding is not unexpected, since given the same wound size, the more densely populated samples likely conferred a faster wound closure simply due to the larger "driving force" of more cells. Furthermore, the single cell based analysis is also less susceptible to variability that arises during the user arbitration of the wound edges. For some cell types, the closure of the wound is achieved through the collective movement of the whole monolayers, while for other cell types there are "leader cells" that first dissociate from the collective to quickly repopulate the wound [16] . In the latter case, it is difficult to assign a definitive boundary to represent the wound, whereas in the case of single cell based analysis, https://doi.org/10.1016/j.yexcr.2018. 10 .014 Received 19 July 2018; Received in revised form 24 October 2018; Accepted 26 October 2018 the progression of healing can be unambiguously reported based on the number of cells that migrated into the region defined by the initial wound.
In this paper, we present the use of the non-cytotoxic, far-red nuclear dye, SiR-Hoechst, to enable high fidelity tracking of single cells for quantitative migration analysis. Previously, SiR-Hoechst has been demonstrated to be non-cytotoxic over extended periods of time [17] and does not affect cell proliferation and mitotic division [18] . By increasing the signal to noise ratio of the cell nuclei, the image processing required to identify the cells is greatly simplified, especially in comparison to cell tracking based on phase contrast images. Furthermore, as long as the cell nuclei do not overlap, cell tracking remains uninterrupted even if there are cell-cell collisions, events that hinder traditional tracking methods. This is particularly advantageous for the crowded cellular environment of wound recovery. In addition to reporting wound healing based on the recovery of the initial cell density, we also studied the evolution of speed, migratory distance, and directionality of cells during their migration to reoccupy the wound. These time-lapse metrics help elucidate the basic understanding of wound healing and the working principles of drug actions. For instance, would a faster wound recovery be attributed to a higher cell proliferation, speed, directionality, or a combinatorial subset of these three factors. When coupled with molecular probes, such as the immunofluorescence labels for cytoskeleton and GTPases, these techniques may be able to further pinpoint the key biochemical mediators of wound healing to improve drug efficacy and reducing side effects. Ultimately, these methods can be extended to high-content screening of cell migration for disease diagnostic and drug discovery applications as well as three-dimensional tracking.
Materials and methods

Cell culture
Adult human dermal fibroblasts (hdFbs) were purchased from ATCC and cultured in Dulbecco's Modified Eagle's Medium (DMEM) with 10% (v/v) fetal bovine serum (FBS) and 1% penicillin. All cell culture reagents were purchased from Thermo Fisher (Carlsbad, CA).
Fluorescence labeling with cell tracker
All labeling was performed as per manufacturer recommendations. Prior to live imaging, the cell nuclei were labeled via incubation with 1 μM SiR-Hoechst (Cytoskeleton Inc., Denver, CO) for 1 h in the incubator. Note that there is no washing and the SiR-Hoechst remained in the media for the subsequent 24 h imaging (at 4 frames per hour, with an exposure time of 1000 ms for each frame). For experiments lasting more than 24 h, the media is exchanged with fresh media without SiRHoechst.
Random migration assay
Random cell migration assays were conducted in a 24-well plate. Custom-patterned silicone gaskets were used to confine the regions of cell migration. Restricted grade silicone sheets of 600 µm thickness (Specialty Silicone Fabricators, Paso Robles, CA) were custom-patterned into a 5.65 mm × 5.65 mm square frame with 3.75 mm × 3.75 mm cut-out in the center using the Silhouette Cameo digital craft cutter (Silhouette America, Oren, UT). To minimize cell collisions, which tend to complicate the migration analysis,~300 cells were seeded into the 3.75 mm × 3.75 mm area (~20/mm 2 ). The hdFb were given at minimum 1 h to adhere to the substrate. Cell migration were monitored for either 24 or 48 h (at 4 frames per hour) on humidified Tokai Hit WSKM stage top incubator (Tokai Hit CO., Ltd., Shizuoka, Japan) set to 37°C and 5% CO 2 . All images were collected on a motorized Leica DMI6000 microscope (Leica Microsystems, Buffalo Grove, IL) using a Rolera em-c 2 camera (QImaging, Surrey, BC Canada) with 10× and 20× air objectives. SiR-Hoechst fluorescence imaging was performed using a ET-Cy5 Narrow Excitation filter cube (Chroma, Bellows Falls, VT) and Leica EL-6000 metal halide light source.
Scratch wound assay
Scratch wound assays were performed in a 24-well plate. Media was introduced to the well, followed by the seeding of~10,000 cells. The cells were cultured for at least 3 days beyond the attainment of confluency (usually 7 days total), then scratched with a P200 pipette tip down the middle. Live imaging of the "wound" region was performed for 24, 36, or 72 h (at four frames per hour) on the Tokai Hit WSKM stage top incubator (Tokai Hit CO., Ltd., Shizuoka, Japan). Since the positions of the imaging regions were memorized on the motorized stage, it is possible to obtain the image before and after the scratch on the same locations.
Cell migration analysis
Cell tracking was performed either manually using the ImageJ MtrackJ plug-in (developed by Meijering et al. [19] ) or automated through a set of custom-written scripts in MATLAB (MathWorks, Inc., Natick, MA). In the case of automated tracking, the SiR-Hoechst labeled cell nuclei were identified through intensity-based binarization. The trajectories obtained allow the calculation of path length (total distance traveled), average speed (path length/total duration of travel), step speed (distance traveled between two successive frames/duration between frames), displacement (start-to-end distance of migration), maximum distance (the largest distance between any two points along the cell trajectory), directionality ratio (displacement/path length), and the angle autocorrelation (calculated in accordance to the work of Gorelik and Gautreau [20] ). Briefly described, the cell positions at three different time points would produce two displacement vectors during migration, each associated with an angle. An autocorrelation value of 1 between the two angles indicates migration in the same direction, 0 indicates a 90°turn, and − 1 indicates a complete reversal in direction (180°turn). By calculating the mean angle autocorrelation of the displacement vectors obtained at different time intervals (e.g. every 15 min, every 30 min, and so forth), the tendency of the cell to maintain the same migratory direction can be assessed. We also reported the evolution of the step speed, mean squared displacement, directionality ratio, and angle autocorrelation over time in our cell migration analysis. The automated tracking and migration anal ysis tool set are freely shared over GitHub (https://github.com/gaborskilab/Cell-migrationanalysis). To ensure meaningful tracking, only cells that were tracked for more than 30% of the time are included in the analysis (e.g. more than 30 frames for a 100-frame movie). We have also measured the instantaneous speed and the persistence time by taking the regression of the mean squared displacements (MSDs) in accordance to the persistent random walk (PRW) model, which stated:
where t is time, s is the instantaneous speed, and P is the persistence time [21] [22] [23] [24] . The PRW model assumes that a cell has a fixed likelihood to change direction as it migrates. The persistence time is in essence a reciprocal of this likelihood, and represents the average duration of time that a cell spent in the same direction of migration. Since the MSD of each cells tend to fluctuate at the later time points, we only used the first third of the MSD for the regression. Furthermore, we selected only cells that conform to the PRW model with r 2 > 0.999 in the final analysis. To ensure that the cell trajectories obtained through the automated tracking are representative of the true cell migration, a check feature is included the analysis, which allows the user to compare the automated trajectories against true cell migration (see Supplemental Movie 1). By specifying the identification number of the trajectories, the user can discard incorrect trajectories or connect broken trajectories. For ease of appreciating the performance of the automated tracking, all data presented in the current work are free of user corrections.
Supplementary material related to this article can be found online at doi:10.1016/j.yexcr.2018.10.014.
The spatial orientation of the labeled cell nuclei were also recorded by the MATLAB scripts, which allows an angle correlation comparison between the orientation of the cell nucleus with the direction of cell migration ( Fig. S4 in Supporting materials). This angle correlation indirectly assesses the correlation between the angle of cell polarization and the direction of travel since the hdFb nucleus is ellipsoidal and often align in the same direction as the polarization of cell body [25] [26] [27] [28] . The eccentricity (1 = line, 0 = circle) of each labeled cell nucleus was also given, which allows exclusion when the cell nucleus do not exhibit a distinct orientation.
Wound healing analysis
Wound healing was reported using two different methods: 1. The traditional method in which the user manually define the two edges of the wound. Wound healing is reported based on the reduction of the area or the distance spanning between the two wound edges over time. 2. The nuclei counting/tracking method. Wound healing is reported based on the time progression of cell density n(t), which is obtained by dividing the cell count, N(t), by the area of the initial wound (A 0 ). This density is normalized by the original cell density n 0 right before the scratch. Thus right after the scratch, a normalized density would be 0%, and a normalized density of 100% would indicate a complete recovery of cell density to the original state. We divided wound healing into two stages: wound closure and wound remodel. This division is motivated from the observation the cell density at the onset of wound closure is often less than n 0 , and that there is a long duration of time in which the cells rearrange within the wound. The evolution of step speed, directionality ratio, and angle autocorrelation for cells that migrated into the wound were also reported. We also split the cells into two populations for the analysis: 1. Leader cells whose final positions are within the wound region, and 2. Follower cells whose final positions are not within the wound region.
Results and discussion
In 2015, Lukinavičius et al. demonstrated the use of SiR-Hoechst as a non-cytotoxic label for live-cell imaging that does not affect cell proliferation [18] . However, while cell viability is maintained, it is unclear if SiR-Hoechst affects specific cell behavior such as migration. Here, we report the use of SiR-Hoechst as a versatile cell tracker that does not affect cell migratory behavior. First, we monitored the motility of labeled cells and the photostability of the dye during migration experiments. SiR-Hoechst labeled cells remained consistently motile over 72 h (Fig. 1) , with stable fluorescence between media exchanges (Fig. 2) . Comparison of the different migration metrics (speed, displacement, path length, and directionality ratio) also indicated that there were no significant differences between the SiR-Hoechst labeled cells and the unlabeled control cells (Fig. 3 ). This finding, together with the stability of SiR-Hoechst label, suggests the favorable use of SiRHoechst as a reliable tool for cell identification and automated live cell tracking over extended periods of time.
We developed a set of simple cell tracking and migration analysis tool in MATLAB, which is shared publicly over GitHub (https://github. com/gaborskilab/Cell-migration-analysis). The automated tracking tool identifies the cells based on the intensity of their labeled nuclei. A sideby-side time-lapse wound healing movie of phase contrast images and automated tracking of fluorescent nuclei is available online for the ease of user appreciation (see Supplemental Movie 1). The migration analysis tool measures various cell migration metrics, including speed, distance, directionality, and their evolution over time. We also included the persistent random walk (PRW) model and the angle autocorrelation in the analysis of migratory directionality, both of which are not typically provided in cell migration analysis software. Since SiR-Hoechst labels the cell nuclei, the automated tracking tends to remain uninterrupted even after cell-cell collisions (Fig. 4) . Detailed comparisons of the automated and the manual tracking for three independent samples of random migration further revealed a high degree of similarity in both the cell trajectories ( Fig. 5(A) ) and the distributions of the different migration metrics (Fig. 5(B) ). We next extended the use of SiR-Hoechst to the analysis of wound healing. Typically, the recovery of a wound is reported based on the reduction of wound size over time, either by area [11] [12] [13] or by the distance between wound edges [14, 15] . Another common approach is to count the number of cells that repopulated the wound over time [29] [30] [31] . This latter approach, while more labor intensive, offers more insight into the wound healing process because mechanistically, wound healing culminates from the combined effort of individual cells. For Fig. 2 . SiR-DNA intensity in cell nuclei (n = 38) over 72 h. Cells were incubated in media with 1 μM of SiR-DNA throughout the entire first 24 h. The cell media were then renewed without SiR-Hoechst on the 48 h and the 72 h time point. The dashed lines indicate the renewal of cell media. Each error bar represents the standard deviation in the fluorescent intensity of the cell nuclei for the whole cell population. Fig. 3 . Comparison of migration metrics between SiR-Hoechst-labeled cells and the unlabeled control cells. No statistical differences were found in the (A) speed, (B) displacement, (C) path length, and (D) directionality ratio of randomly migrating cells with and without the SiR-Hoechst label. For each condition, the data were combined from 3 to 4 independent migration experiments (n ≥ 100 cells). The horizontal line and the blue dot in each box plot represent the median and the mean, respectively, and the upper and the lower whisker represent the 75th and 25th percentile. The box itself encompasses the middle 50% of the data, and the asterisk represents the outliers. For average speed, we assumed normal distribution and used student's t-test (two-tailed, without the assumption of equal variance) for the statistical comparison of the mean values. For displacement, path length, and directionality ratio, we did not assume normal distribution and used Mann-Whitney Utest for the statistical comparison of the data distribution. We considered the data sets in comparison to be significantly different for p-value < 0.05. example, the classical Fisher-Kolmogoroff model (Eq. (2)) describes the spatial distribution of cells over time to be a combined effect of diffusion (due to random cell migration) and logistic growth (due to cell proliferation that eventually halt as a result of contact inhibition) [13, [32] [33] [34] [35] :
In the context of wound healing, N, or more specifically N(x,t), is the number of cells at a given distance x away from the wound edge at time t, D is the diffusion coefficient that describes the rate of dispersion of the randomly migrating cells, k is the rate of cell proliferation, and N cr is the number of cells at the attainment of a complete wound healing. One immediate implication of the Fisher-Kolmogoroff model, as confirmed by Ascione et al., is that differences in cell density and dispersion (e.g. due to drug treatment or genetic modification) can substantially alter the rate of wound healing [13] .
For our wound healing analysis, we chose the cell counting approach because of the advantages listed above, while using SiR-Hoechst to expedite the otherwise labor-intensive cell counting and tracking. The cell density, n, is obtained by dividing the cell number (N) by the area of the wound region. The progression of wound healing, reported in terms of a percentage, was calculated by normalizing the cell density over time, n(t), by the initial cell density prior the infliction of the wound (n 0 ):
The cell counting-based wound recovery analysis is advantageous in that it is impervious to variability that arises due to user arbitration of the wound edges (Fig. 6(A)-(C) ) For a given scratch wound, cell counting will unequivocally yield only one wound recovery curve to describe the healing (Fig. 6(D) ).
The counting-based approach is particularly advantageous for the analysis of hdFb wound recovery, since there were waves of leaders cells that first dissociate from the cell monolayer, which rendered the assignment of a definitive wound edge difficult. Note that since we considered the attainment of the initial cell count (n 0 ), not the complete wound closure, as the full wound recovery, the % cell density recovery obtained from our cell-counting based approach (Fig. 6(E) ) tends to report a smaller value in comparison to the % wound reduction reported by the other methods (Fig. 6(D) ).
We noticed that for cell types such as the adult dermal fibroblasts, the cell density continues to increase even after wound closure, up until the initial cell density was reached. In light of this observation, we considered wound healing as a two-stage process consisting of a wound closure stage and a wound remodeling stage. The cell density at the onset of a complete wound closure, n cc , marks the beginning of the wound remodeling stage, and the subsequent plateau in cell density, denoted by n cr , marks the completion of wound healing. For certain cell types, the cell density plateau (n cr ) seen in the remodeling stage may be even higher than the cell density prior to the infliction of the wound (n 0 ). This overshoot in cell density is representative of the tissue overgrowth seen in hypertrophic scar, and is signified by a cell density recovery greater than 100%. In the case of our wound recovery samples, full recovery of the 450 µm wide scratch wound required at least 48 h (Fig. 7(A) ), with wound closure typically observed by the 30 h time point.
We performed a correction of wound area reduction based on cell density, in accordance to the time scaling method of Ascione et al. [13] , and found agreement with our report of cell density recovery (Fig. 7(C) and (D)). Briefly described, Ascione et al. observed that the reduction of wound area follows a linear relationship with respect to time, and proposed that
where A/A 0 is the wound area reduction, obtained by normalizing the wound area (A) at time t by the initial wound area (A 0 ), and α is the wound closure velocity, which can be obtained from the slope of the linear portion of wound area reduction curve (Fig. 7(B) ). When two samples with different cell densities reach the same wound area reduction at two different time points, The migration trajectory obtained from the center of the tracked nucleus (solid orange line), specified with displacement (dashed blue line) and the major cell turning points (the red curved arrows indicated turns > 90°). In this example, the cell tracking remained uninterrupted despite the collisions with two other cells (indicated by the large white arrow heads). The persistence time (obtained from the PRW model) describes the average duration between major changes in migratory directions. For the cell in this example, the persistence time is calculated to be 2.11 h, consistent with the number of major turning points (24 h/11 ≈ 2.18 h).
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Since the cell density also varies linearly with time, the wound closure velocity and the cell density must be related by some proportionality constant β, and the relationship described in Eq. (5) can be expressed as
which implied
The scaling factor n 2 /n 1 can be applied to the time axis (t c = n 2 / n 1 ·t 2 ) of each sample to obtain a report of wound healing that takes the cell density differences of different samples into consideration. In practice, a good reference density to use is starting cell density. To scale sample 2 relative to sample 1, a scaling factor of n 2 (0)/n 1 (0) is multiplied to the time axis of sample 2.
In Fig. 7(B) , three samples showed similar trend of wound area reduction over time even though they each have different starting cell densities. Note that the user-arbitrated wound closure time of~30 h (Fig. 7(A) ) is an underestimate, since there were still gaps between cells despite the lack of a distinct wound. After applying the scaling described by Ascione et al., sample number 2 showed a faster wound area reduction ( Fig. 7(C) ), consistent with a higher cell density recovery ( Fig. 7(D) ). This agreement is not unexpected given that most hdFbs, both confluent and subconfluent, exhibited similar areas (Fig. S2 ) in our samples, so the area recovery in the wound should be proportional to the number of cell entering the wound.
Interestingly, we observed minimal proliferation during the entire 48 h of wound recovery, a finding consistent with many reports of epithelial wound healing, both in vitro [36] [37] [38] [39] [40] [41] and in vivo [39, 42, 43] . Experimentally, Ascione et al. and Buonomo et al. had also shown through proliferation inhibition via mitomycin C that the contribution of proliferation toward wound healing tend to be minimal [44, 45] . It is possible that right after the infliction of the wound, there is an epithelial to mesenchymal transition (EMT) of fibroblasts right after the infliction of a wound, then within 30 h the EMT reverts as cell-cell contacts reestablish to close the wound. The short duration of time between the cell state changes may not be sufficient for the fibroblasts to enter a proliferation phase. We also monitored regions away from the wound and again found minimal proliferation during the 48 h time span, which further ensured that the wound closures that we observed were due to migration.
With no proliferation, the wound healing process can be simplified from the Fisher-Kolmogoroff model to a Fickian diffusion (k = 0 in Eq. (2)), especially at the longer time scale of observation (e.g. 48 h of observation versus the median persistence time (~4-6 h) of the wound healing cells). Fick's first law states that 
where N is the number of cells, A 0 is the wound area, and W is the width of the wound. W/A 0 is essentially the "height" of the wound strip, and the term (N 0 /A 0 )/W is the gradient of cell density between the confluent monolayer and the wound. Rearrangement of Eq. (9) yields
Note that the left hand side of Eq. (10) is the slope of the cell density recovery, which is proportional to the diffusion coefficient (D) of cell dispersion during wound healing.
The diffusion coefficient (D) of the wound healing cells can be calculated from the migration of single cells, using the instantaneous speed and the persistence time obtained from the PRW model (Eq. (1) 
where w 1/2 is the half width of the wound. Eq. (12) provides an unbiased estimate of wound closure time that is based on single cell migration metrics rather than a qualitative userarbitration. From Eq. (12), we obtained a wound closure time of~35 h, 33 h, and 44 h for samples 1, 2, and 3, respectively ( Fig. 7(C) and (D) ), which were consistent with the trends predicted from the cell density recovery and the density-scaled wound area reduction.
We note that in the presence of proliferation, it is important to monitor the cell count close and far away from the wound site. The proliferation rate (k) can be measured using the following equation derived by Johnston et al. [46] :
The relative contribution proliferation and migration on wound recovery can be estimated based on Thiele's modulus [40, 47] , which is the ratio obtained by dividing the time scale of proliferation by the time scale of migration. Given the long duplication time of more than 48 h and a wound closure time of 33 h in our wound healing samples, the Thiele's modulus is at least~1.4. With proliferation present, we can assume Fisher-Komolgorov model, from which the wound closure velocity is estimated to be
where τ p is the cell duplication time.
Since the automated tracking of individual cells is especially difficult for densely-packed samples such as confluent cell monolayers, we next assessed if the migration metrics obtained from the automated Fig. 5 . Analysis of random cell migration. (A) Three independent random migrations were tracked manually (top panel) and automatically (bottom panel). Each migration sample is color coded in red, green, and blue. Superimposed on each sample image are the trajectories of the migrating cells. (B) Distributions of migration metrics (average speed, instantaneous speed, displacement, path length, directionality ratio, and persistence time) obtained from the manual (darker histograms) and the automated tracking (lighter histograms). The first and the second number in the title of each histogram denote the median (or the mean) value obtained from the manual and the automated tracking, respectively. The p-value of each statistical comparison was also given. An asterisk will appear in the title if the cell number was below 30. Note that the persistence time and the instantaneous speed were calculated by taking the least square regression of the mean squared displacements (MSDs) at different time scales in accordance to the PRW model. Only cells that conform to the PRW model with r 2 > 0.999 were included in the analysis. No cell exclusions were applied for the analysis of all other migration metrics. For average speed and instantaneous speed, we assumed normal distribution and used student's t-test (two-tailed, without the assumption of equal variance) for the statistical comparison of the mean values. For displacement, path length, directionality ratio, and persistence time, we did not assume normal distribution, and used Mann-Whitney U-test for the statistical comparison of the data distribution. We considered the data sets in comparison to be significantly different for p-value < 0.05. tracking would be able to accurately match those obtained from the manual tracking during wound healing scenarios (Fig. 8) . We divided the cells into two populations: 1. Leader cells whose final positions are within the wound region, and 2. Follower cells whose final positions are not within the wound region. As expected, the automated tracking produced trajectory patterns that were very similar to those from the manual tracking ( Fig. 8(A) and Fig. S1(A) ), along with close agreements in cell density recovery (Fig. 9(A) ). However, closer examination revealed that there were occasional nuclei overlap. Each occurrence would produce three or four trajectory fragments instead two full trajectories ( Fig. 8(A) and Fig. S1(A) ). To reduce the likelihood of short trajectory fragments biasing the true cell migratory statistics, we imposed a selection criterion in which only cells that were tracked for more than 30% of the time were included in the analysis. For leader cells, the total number of trajectories obtained from the automated tracking is almost twice that of the manual tracking ( Fig. 8(A) ) prior to the removal of the short trajectories, which implied that on average, each cell nucleus collided once in the 0.5 mm × 0.5 mm field of view Fig. 8 . Wound healing analysis. (A) The cell migrations seen in three independent samples of wound recovery. Each migration sample is color coded in red, green, and blue. Superimposed on each sample image are the trajectories of the migrating cells, with n denoting the number of cell trajectories. For the automated tracking, the numbers of cell trajectory before and after the exclusion of short trajectories are also specified (only trajectories that were tracked for more than 30% of the 24 h migration were included in the analysis). The thicker white lines denote the wound edges from the initial scratch. (B) Distributions of migration metrics (average speed, instantaneous speed, displacement, path length, directionality ratio, and persistence time) obtained from the manual (darker histograms) and the automated tracking (lighter histograms). The first and the second number in the title of each histogram denote the median (or the mean) value obtained from the manual and the automated tracking, respectively. The p-value of each statistical comparison was also given. Note that the persistence time and the instantaneous speed were calculated by taking the least square regression of the mean squared displacements (MSDs) at different time scales in accordance to the PRW model. Only cells that conform to the PRW model with r 2 > 0.999 were included in the analysis. A comparison of the PRW model with and without the exclusion based on the r 2 value is given in Fig. S3 . No cell exclusions were applied for the analysis of all other migration metrics. For average speed and instantaneous speed, we assumed normal distribution and used student's t-test (two-tailed, without the assumption of equal variance) for the statistical comparison of the mean values. For displacement, path length, directionality ratio, and persistence time, we did not assume normal distribution, and used Mann-Whitney U-test for the statistical comparison of the data distribution. We considered the data sets in comparison to be significantly different for p-value < 0.05. Fig. 9 . Wound healing dynamics. Quantitative characterization of (A) cell density recovery and the progression of (B) cell speed, (C) directionality ratio, and (D) angle autocorrelation over the course of wound healing (from the same wound recovery samples shown in Fig. 8 ). Corresponding data gathered from three independent samples of random cell migration were also given as a reference.
over the course of 24 h wound healing. While this level of nuclei overlap did not impact the estimate of true cell speed and directionality ( Fig. 8(B) ), the true migratory distances (path length and displacement) were significantly under-reported. Similar trends were found for the follower cells (Fig. S1(B) ), with automated tracking yielding accurate cell speed and directionality but inaccurate migratory distance. Since the automated measure of true migratory distance and directionality requires the full, uninterrupted tracking of all cells, it is not surprising to see an under-report of the migratory distance when there are higher incidences of nuclei overlap. Interestingly, the same level of nuclei overlap only minimally impacted the accuracy of cell directionality (directionality ratio and persistence time). In the case of directionality ratio, the concomitant under-reporting of displacement and path length somewhat leads to a self-correction. For the PRW model, only the first 3rd of the MSDs were used for the regression to calculate the persistence time (since the MSDs of each cell fluctuate significantly at the longer time scale due to low number of displacements). It is likely that the first 3rd of the MSDs had not yet seen the collision. We further tested the capability of the automated tracking in accurately reporting the time progression of wound recovery, cell speed, and cell directionality. More than 95% percent of time, the differences of mean/median values between automated and manual tracking were within 5-10% (Fig. 9 ). Not unexpected, the report of cell density is unaffected by occasional nuclei overlap ( Fig. 9(A) ), as the cells that briefly "disappeared" and reemerged would only show up as temporary fluctuations in the cell count. During automated tracking, the starting time of each cell trajectory is recorded. A cell that increases in speed, when tracked as two separate cells after a collision would still produce the same trend of speed increase for the whole cell population as long as the starting time of the second trajectory is accounted for. Consequently, the time progression of cell speed obtained from the automated tracking is generally unaffected by the occurrence of nuclei overlap ( Fig. 9(B) ). The same strategy of starting time bookkeeping also worked well for the automated assessment of cell directionality (Fig. 9(C) and  (D) ). In addition to the directionality ratio, we also reported the change in cell directionality based on angle autocorrelation [20] . Briefly explained, more persistent cells will be better at maintaining the same angle of travel to yield a higher angle autocorrelation value. To better safeguard against the artifacts that arise due to nuclei overlap, we have also implemented a check tracking and a manual correction feature. The check tracking feature overlays the trajectories obtained from the automated tracking onto the wound healing movie to allow user inspection (Supplemental Movie 1). The manual correction feature allows the user to discard false trajectories or reconnect trajectory fragments.
To better understand how the migration during wound healing differs from random cell migration, we also compared the time progression of cell speed and directionality for the randomly migrating and wound healing hdFbs. According to our experience, cells tend to be more motile at higher cell seeding densities, presumably due to the higher concentration of paracrine signaling (with the higher number of cells at the same media volume). Given a sufficiently high cell density (in this case,~250 cells/mm 2 ), the evolution of cell speed over time was quite similar between the wound healing and the randomly migrating cells (Fig. 9(B) ). We speculated that the lower initial speed seen in random migration was due to the lag require to establish firm adhesion following cell seeding, whereas in the case of the leader cells the lower initial speed was due to the lag required for cell-cell dissociation. As the leader cells dissociated from the collective, the mean cell speed gradually increased. The follower cells, whose movements were limited by their neighbors, migrated at much slower speed (~50%) in comparison to the leader and the randomly migrating cells.
As expected, the decline in the directionality ratio and the angle autocorrelation over time were much faster for the randomly migrating hdFbs (Fig. 9(C) and (D) ). The tendency of the follower cells to maintain the same direction of travel fell halfway in between the leader and the randomly migrating cells. This is not unexpected given the observation that whenever two cells made contact their movements often influence one another. The close proximity of the follower cells thus hindered their efficiency in maintaining directionality.
Since the evolution of cell speed was comparable between the wound healing and the randomly migrating hdFbs, we concluded that the highly directional migration is the key mediator of early dermal wound closure. This finding is in agreement with recent publications by Wickert et al. and Ascione et al., which showed the rate of epithelial wound healing to be strongly correlated to directionality [40, 47] . Furthermore, both studies also found the contribution of cell proliferation toward wound healing to be minimal. This finding is particularly important because cell speed [40, 48, 49] , not cell directionality, is often considered as the primary contributor of a faster wound recovery. We also speculate that in the absence of proliferation, there must be a slight change in cell areas in order for the recovery of the wound area. Considering that the 450 µm × 0.8 mm wound strip is only 1.8% of the total well area (2 cm 2 in a typical 24-well plate), all cells only need to increase 1.8% in area in order to make up for the area of the wound.
Conclusion
In this work, we demonstrated the versatile use of SiR-Hoechst as a stable fluorescent cell label for quantitative live cell tracking, including random migration and wound healing. First, we showed through rigorous statistical comparisons of the different migration metrics that the SiR-Hoechst label does not affect migratory behavior. By marking the cell nuclei but not the whole cell body, SiR-Hoechst label also enabled an automated tracking of cell migration that is relatively robust against the loss of tracking due to cell collisions as long as the cell density is less than approximately 400 cells/mm 2 . We proposed an approach of quantifying wound recovery based on normalized cell density, and divide the full wound healing process into two stages based on the closure of the wound and the attainment of the initial cell density thereafter. The automated cell counting expedited the characterization of wound healing and showed excellent agreement with manual counting. We further analyzed the wound healing process via the migratory behaviors of individual cells and showed that the wound healing cells exhibited higher directionality in comparison to their randomly migrating counterparts. Future work can extend the presented methodology to the automated screening of cell migration for disease diagnostic and drug discovery applications. The stability of SiR-Hoechst over hundreds of images without cytotoxic effects also suggests compatibility with threedimensional cell tracking where stacks of images are obtained at each time point.
